1. There is growing interest among conservationists in biodiversity mapping based on stacked species distribution models (SSDMs), a method that combines multiple individual species distribution models to produce a community-level model. However, no user-friendly interface specifically designed to provide the basic tools needed to fit such models was available until now.
scale that may be too coarse for local decision-makers (Graham & Hijmans, 2006) . (MEMs) , that link species richness observed over a network of comprehensive species inventories (e.g. plots, transects, quadrats) with spatially explicit environmental variables (Bhattarai & Vetaas, 2003; Sánchez-González & López-Mata, 2005; Tomasetto, Duncan, & Hulme, 2013) . These variables are typically hypothesised to be or correlate with available energy, environmental heterogeneity, disturbance or history, with scale effects and some level of stochasticity. Macroecological models have contributed substantially to our understanding of large-scale ecology and biodiversity, and predict site-level richness well, probably better and more consistently than multiple species distribution models (SDMs), which have substantial problems dealing with rare species (Graham & Hijmans, 2006; Guisan & Rahbek, 2011) .
Macroecological models
However, MEMs have the disadvantage of requiring a large number of inventories to be accurately calibrated and appear to be unable to extrapolate beyond known communities (Ferrier & Guisan, 2006) .
3.
Stacked species distribution models (SSDMs), that combine multiple individual SDMs to produce a community-level model (Ferrier & Guisan, 2006) . A major strength of an SSDM compared to a point-togrid map or a MEM is that an SSDM can predict species assemblages, which the two others cannot. An SDM (also referred as to "ecological niche model," "habitat suitability model," and "predictive habitat distribution models") refers to the process of using a statistical method to predict the distribution of a species in geographical space on the basis of a mathematical representation of its known distribution in environmental space (Guisan & Thuiller, 2005) . Diversity mapping based on multiple SDMs has great potential for conservationists and the growing interest in the method is obvious in the literature (e.g. Benito, Cayuela, & Albuquerque, 2013; Brown et al., 2015; Colombo & Joly, 2010; D'Amen, Dubuis, et al., 2015; D'Amen, Pradervand, & Guisan, 2015; Fitzpatrick et al., 2008; Mateo, de la Estrella, Felicisimo, Muñoz, & Guisan, 2012; Midgley et al., 2003; Moraes et al., 2014; Murray-Smith et al., 2009; Ogawa-Onishi et al., 2010; Pérez & Font, 2012; Pouteau, Bayle, et al., 2015; Raes et al., 2009; Schmidt-Lebuhn, Knerr, & González-Orozco, 2012; Siqueira & Peterson, 2003) .
Stacking individual species predictions can be applied to both rough probabilities (pSSDM) and binary predictions from SDMs (bSSDM) (e.g. Calabrese, Certain, Kraan, & Dormann, 2014; D'Amen, Dubuis, et al., 2015; D'Amen, Pradervand, et al., 2015; Dubuis et al., 2011) .
Macroecological models and pSSDMs both tend to perform similarly and to overestimate at sites with low species richness and underestimate at sites with high species richness (Calabrese et al., 2014) . In contrast, bSSDMs tend to overpredict species richness, which is associated with generally higher and asymmetric prediction errors than MEMs, and may be affected by the choice of threshold for making binary predictions (Benito et al., 2013; Calabrese et al., 2014; Cord, Klein, Gernandt, de la Rosa, & Dech, 2014; D'Amen, Pradervand, et al., 2015; Dubuis et al., 2011) .
Several authors also reported that SSDMs consistently overpredict species richness compared to MEMs because SSDMs reconstruct communities on the basis of species-specific abiotic filters without considering macroecological constraints to the general properties of the community as a whole (Guisan and Rahbek, 2011; Hortal, De Marco, Santos, & Diniz-Filho, 2012) . These constraints are thought to be of increasing importance in structuring communities at increasing resolution and should thus be accounted for in fine-scale biodiversity assessments (Thuiller, Pollock, Gueguen, & Münkemüller, 2015) . To remedy this problem, Guisan and Rahbek (2011) proposed the integrated framework SESAM (spatially explicit species assemblage modelling).
The idea is to apply four successive filters in the assembly process: (1) dispersal filtering; (2) abiotic habitat filtering using SDMs; (3) macroecological constraints using MEMs; and (4) biotic filtering by applying ecological assembly rules (e.g. maximum species richness) (Guisan & Rahbek 2011) . A commonly used assembly rule is the "probability ranking" rule (PRR): community composition is determined by ranking the species in decreasing order of their predicted probability up to the richness prediction (D'Amen, Dubuis, et al., 2015; D'Amen, Pradervand, et al., 2015) . The core assumption behind this rule is that species with the highest habitat suitability are competitively superior. Other assembly rules include the "trait range" rule (D'Amen, Dubuis, et al., 2015) and the "checkerboard unit" rule (D'Amen, Pradervand, et al., 2015) .
More recently, the core assumptions on which SESAM is based (SSDMs overpredict richness compared to MEMs) have been called into question by the convincing demonstration based on probability theory performed by Calabrese et al. (2014) . These authors developed an innovative maximum-likelihood approach to adjust SSDM occurrence probabilities based on an estimate or prediction of site-level species richness. Supported by this innovative method, they argued that overprediction originates from a statistical rather than an ecological bias introduced using thresholding schemes to produce SSDMs.
Thus, this statistical artefact could be caused by species prevalence and/or "regression dilution."
Since the publication of the SESAM framework, several other comprehensive modelling frameworks linking ecological theory, empirical data, and statistical models have been developed to predict communities, including the integrated framework of Boulangeat, Gravel, and Thuiller (2012) , the metacommunity-space, environment, time model (M-SET; Mokany, Harwood, Williams, & Ferrier, 2012) , and joint species distribution models (JSDMs; Pollock et al., 2014) . These frameworks offer innovative ways to improve our understanding of community assembly processes at large spatial scales and for many species at once, based on species co-occurrence indices obtained from extensive community surveys and sometimes species-specific dispersal abilities. However, these recent frameworks received no further considerations as it would be virtually impossible to unite all community-level frameworks in a single software architecture and SESAM is still one of the best known, least complex, and least datademanding frameworks produced to date.
While SSDMs provide increasingly promising predictions, no user-friendly interface specifically designed to provide the basic tools needed to build an SSDM was available until now (Table 1) . Here, we present a new package named "ssdm" which is a free and open source object-oriented platform for stacked species distribution modelling implemented in r (R Core Team, 2015) . r is perhaps the most commonly used software for ecological analysis in which state-of-the-art methods can easily be incorporated. The "ssdm" package provides a standardised and unified structure for visualizing and handling species distribution data and models. It also provides a range of cutting-edge methods including nine statistical methods and makes it possible to build ensembles of forecasts to account for inter-model variability. The user-friendly interface is likely to extend the use of SSDMs to a wide range of conservation scientists and practitioners.
| MODEL FLOW
The workflow of the package "ssdm" is based on three levels: (1) 
| Data inputs

| Natural history records
Most statistical methods included in the "ssdm" package (introduced below) require presence/absence datasets. When a sampling scheme did not account for species absences (presence-only data), the package selects pseudo-absences (randomly selected sites where a species is assumed to be absent) or background data. Three modalities can be set to generate pseudo-absences: (1) the selection strategy: either within the extent of the set of environmental rasters or within a user-specified distance from each presence; (2) the number of selected pseudo-absences: either a user-specified number or a number equal to the number of presences available for each species; and (3) 
| Environmental variables
All raster formats supported by the r "rgdal" package can be used with the "ssdm" package to describe the environment occupied by the species thereby facilitating data management and exchange with conventional gis packages (Bivand et al., 2016) . The "ssdm" package accepts both continuous (e.g. climate maps, digital elevation models, bathymetric maps) and categorical environmental variables (e.g. land cover maps, soil type maps) as inputs. The package also allows normalisation of environmental variables, which may be useful to improve the fit of certain statistical methods (e.g. artificial neural networks).
Rasters of environmental variables must have the same coordinate reference system but the spatial extent and resolution of the environmental layers can differ. During processing, the package will deal with between-variables discrepancies in spatial extent and resolution by rescaling all environmental rasters to the smallest common spatial extent, and then upscaling them to the coarsest resolution using nearest neighbour interpolation.
| Statistical methods
| Individual species distribution models
The "ssdm" package includes the main statistical methods used to model species distributions: general additive models, generalised T A B L E 1 A non-exhaustive list of software packages designed to perform species distribution modelling with their main advantages and limitations linear models (GLM), multivariate adaptive regression splines, classification tree analysis, generalised boosted models, maximum entropy, artificial neural networks (ANN), random forests, and support vector machines. The default parameters of the dependent r package of each statistical method were conserved but most of them can be reset (Table 2) .
A major assumption behind the concept of SDM is that species are in equilibrium with their environment and so barriers to species dispersal are consequently ignored by the most standard SDM implementations (Guisan & Thuiller, 2005) . Hence, an SDM may overestimate the geographical area that a species occupies if its distribution is at least partially shaped by dispersal barriers. In order to account for this potential bias, the package contains an option to restrict SDM predictions to a user-specified distance around each presence (a habitat suitability of 0 is then assigned to the remainder of the study area) (Crisp, Laffan, Linder, & Monro, 2001 ).
For each species, the package can store two results in raster format: (1) a continuous raster map giving the habitat suitability for presence-only data, and the probability of presence for presence/ absence data; and (2) a binary presence/absence raster based on the threshold of habitat suitability that maximises a user-specified accuracy metric (see below).
| Ensemble species distribution models (ESDMs)
Because uncertainty in distribution projections can skew policy making and planning, one recommendation is to fit a number of alternative statistical methods and to explore the range of projections across the different SDMs, and then to find a consensus among SDM projections (Gritti, Duputie, Massol, & Chuine, 2013; Marmion, Parviainen, Luoto, Heikkinen, & Thuiller, 2009) . Two consensus methods are implemented in the "ssdm" package: (1) a simple average of the SDM outputs; and (2) a weighted average based on a user-specified metric or group of metrics (described below). The package also provides an uncertainty map representing the between-methods variance.
The degree of agreement between each pair of statistical methods can be assessed through a correlation matrix that gives the Pearson's coefficient.
| Stacked species distribution models
The final maps of local species richness and composition can be computed using six different methods: (1) Meyer, Dimitriadou, Hornik, Weingessel, and Leisch (2015) with species richness as estimated by a pSSDM (referred to as "PRR.
pSSDM") (D'Amen, Dubuis, et al., 2015) ; (5) by applying the PRR with species richness as estimated by a MEM ("PRR.MEM") (D'Amen, Dubuis, et al., 2015; D'Amen, Pradervand, et al., 2015; Guisan & Rahbek, 2011) ; and (6) using the maximum-likelihood adjustment approach proposed by Calabrese et al. (2014) .
As the computation of multiple ESDM (one per species) can be time consuming, the r "parallel" package has been included to optimise the use of a multi-core processor or a computer cluster (R Core Team, 2015) . Computed maps can be exported in GeoTIFF then imported into other gis software packages for further data analysis and visualisation.
| Additional outputs
| Model accuracy assessment
A range of metrics to evaluate models have been integrated in the "ssdm" package using the "SDMTools" package (VanDerWal, Falconi, Januchowski, Shoo, & Storlie, 2014) . They include the area under the receiving operating characteristic (ROC) curve (AUC), Cohen's kappa coefficient, the omission rate, the sensitivity (true positive rate) and the specificity (true negative rate) (Fielding & Bell, 1997) .
These metrics are all based on the confusion matrix (also called "error matrix," that represents the instances in a predicted class vs.
the instances in an actual class) and, consequently, require prior conversion of habitat suitability maps into binary presence/absence maps. The optimal threshold to split presences and absences on the basis of habitat suitability probabilities can be set to the probability that maximises: Cohen's kappa coefficient, the correct classification rate, the true skill statistic (TSS), sensitivity/specificity equality (SES), the lowest prediction occurrence probability or the shortest distance between the ROC curve and the upper left corner of the ROC plot. Recommendations by Liu, Berry, Dawson, and Pearson (2005) , Liu, White, and Newell (2013) for thresholding were set to default in the package (TSS or SES for presence-only and presenceabsence datasets respectively). To ensure independence between the training and evaluation sets for cross-validation, three methods are available to split the initial dataset: (1) "holdout," in which the initial dataset is partitioned into separate training and evaluation sets by a user-defined fraction, (2) "k-folds," in which the initial dataset is partitioned into k folds being k-1 times the training set and once the evaluation set, and (3) "leave-one-out," in which each point is successively used for evaluation.
To assess the accuracy of an ssdm, the package provides the opportunity to compare modelled species assemblages with species pools from independent inventories observed in the field. Six evaluation metrics can be computed: (1) the species richness error, i.e.
the difference between the predicted and observed species richness;
(2) assemblage prediction success, i.e. the proportion of correct predictions; (3) Cohen's kappa of the assemblage, i.e. the proportion of specific agreement; (4) assemblage specificity, i.e. the proportion of true negatives (species that are both predicted and observed to be absent); (5) assemblage sensitivity, i.e. the proportion of true positives (species that are both predicted and observed as present); and (6) the Jaccard index, a widely used metric of community similarity (Pottier et al., 2013) .
| Importance analysis of environmental variables
The "ssdm" package provides two measures of the relative contribution of environmental variables on a species-by-species basis, which quantifies the relevance of an environmental variable to determine species distribution. The first measure is based on a jackknife approach that evaluates the change in accuracy between a full model and a model in which each environmental variable is omitted in turn (Phillips, Anderson, & Schapire, 2006) . All metrics available in the package can be used to assess the change in accuracy. The second measure is based on Pearson's correlation coefficient between a full model and a model with each environmental variable omitted in turn (Thuiller, Lafourcade, Engler, & Araújo, 2009) . These measures, which are calculated on a species-by-species basis, are averaged in SSDMs.
| Endemism mapping
In addition to species richness, endemism is an important feature for conservation as it refers to species being unique to the defined geographical location (Crisp et al., 2001; Moraes et al., 2014; Raes et al., 2009) . The "ssdm" package offers the opportunity to map local species endemism using two metrics: (1) the weighted endemism index (WEI); and (2) the corrected weighted endemism index (CWEI) (Crisp et al., 2001 ):
WEI for the cell c is calculated by summing the inverse of the geographical range size r i,c for each of the n c species. WEI seeks to avoid the problem that an arbitrary region or range-size threshold is used to define what constitutes an endemic species. WEI avoids using a threshold for endemism by applying a simple continuous weighting function, assigning high weights to species with small ranges, and progressively smaller weights to species with larger ranges.
CWEI is an alternative measure to reduce the correlation between richness and endemism. CWEI for cell c is calculated as the weighted endemism index WEI c divided by the richness score RS c so that CWEI c represents the average degree of endemism of the species recorded in an area.
| GRAPHICAL USER INTERFACE
The "ssdm" package offers a user-friendly interface built with the web application framework for R Shiny (Chang, Cheng, Allaire, Xie, &
McPherson, 2016). The graphical user interface is launched with the function gui(). The interface is divided into three steps: data loading, modelling, and results display. The "Load" tab allows a new dataset or a previously saved model to be loaded. The "Modelling" tab proposes three types of models: an individual SDM, an ESDM, or a SSDM. The "Modelling" tab contains three sub-tabs offering levels of parameterisation that are more or less detailed depending on the user's level of expertise: (1) Pearson's correlations of r > .8, the variable that decreased model accuracy the most when omitted from the full model (i.e. the most "meaningful" variable) was retained. Next, an SSDM using the sum of individual probabilities (pSSDM) as stacking method and with all other model settings set to default was fitted. The output provides a picture of how richness in 100 of the world's worst invasive alien species could be distributed without any barriers to spread or competitive interactions (Figure 3 ).
| EXAMPLES
| Vulnerability to invasive species at global scale
| Endemism of the genus Psychotria in New Caledonia
Psychotria (Rubiaceae) is the second most speciose genus on the megadiverse archipelago of New Caledonia (Southwest Pacific Ocean) (Barrabé et al., 2014) . Occurrences of all native species described as belonging to this genus were extracted from the Noumea (NOU)
VIROT database and the Paris herbaria (P) SONNERAT database. 
| INSTALLATION
The "ssdm" package is free and open source (version 0.2.3
with GPL v3 license). It is available from the CRAN repository https://cran. r-project.org/web/packages/SSDM/index.html, and can be installed either from CRAN or within the r environment using the command install.packages ("ssdm") . The project is hosted on Github (https://github.com/sylvainschmitt/SSDM), which allows future users to openly contribute to the project.
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DATA ACCESSIBILITY
The occurrences of 100 of the world's worst invasive alien species: Global Biodiversity Information Facility https://doi.org/10.15468/dl.2mvxxk. http://www.worldclim.org/current (2.5 min). Psychotria data has not been archived because the locations of the endangered species cannot be disclosed. The methods used to produce Figure 4 can be fully reproduced using the Cryptocaria data included into the "ssdm" package with the associated vignette.
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